We use data from the National Longitudinal Study of Adolescent Health and the Adolescent Health and Academic Achievement Study to estimate how parents' union dissolution influences changes in adolescents' mathematics course work gains, overall grade point average, and course failure rates during a window of approximately 1 year (N ¼ 2,629). A primary purpose of this study is demonstrating the utility of propensity score matching techniques for studying topics such as ours that pose methodological challenges such as dealing with endogeneity and selection bias. We compare propensity score matching techniques to ordinary least squares (OLS) regression methods to show and discuss comparability of results obtained using these different procedures. Findings suggest that associations between parents' union dissolution and achievement may be causal, regardless of method used.
The effect of family structure transitions on young people's school success is of interest to parents, researchers, and practitioners. Methodological challenges in this area of research arise because family structure changes are coupled with factors such as financial instability and marital stressors, which increase the risk of union dissolution and negatively affect adolescents' school performance. Disentangling the causal nature of these associations is difficult because endogeneity and selection bias likely affect results from studies of family structure and school success. Amato (2000) discusses this issue at length and offers examples of characteristics that predispose people to divorce (e.g., personal problems such as alcohol use).
Only an experiment could fully eliminate endogeneity and selection bias, but ethics prevent researchers from using this method to study the effects of union dissolution on children's wellbeing. No ethical researcher would propose randomly assigning children at birth to different households with similar characteristics except for their new parents' marital status. Methods that simulate an experimental design using observational data are valuable alternatives that reduce endogeneity and selection bias, therefore, producing better estimates of relationships between parents' union dissolution and educational achievement without ethical dilemmas. We utilize one such semiparametric estimation technique-propensity score matching-to reassess relationships between union dissolution and adolescents' high school achievement gains. We compare findings from this method to those obtained using traditional OLS regression methods. We also discuss how propensity score matching may help family researchers interested in other topics better assess the causal nature of relationships for which an experimental design may be inappropriate or impossible.
BACKGROUND

Family Structure Change and Its Consequences
The proportion of single mother and father families has risen from 12% to 26% and 1% to 6%, respectively, from 1970 to 2003 (Fields, 2003) . Estimates also suggest that since the 1990s, more than 1 million children each year experience parental divorce, and 50% -60% of U.S. children born in the 1990s will live in a single-parent household at some point in time (Furstenberg & Cherlin, 1991) . These trends have prompted a large body of research investigating how family structure influences child well-being (Amato, 2001; Hetherington & Kelly, 2002; McLanahan & Sandefur, 1994) . Most studies suggest that children in single-parent households and those who experience parents' union dissolution do less well than children living with both biological parents on a host of outcomes ranging from socioeconomic well-being (Mayer, 1997) to social adjustment (Amato & Booth, 1997) .
Nonetheless, controversy exists about the magnitude of these effects and whether they result from family structure itself or from other changes and problems associated with family structure. For instance, theories arguing that family structure itself leads to negative child outcomes blame the decreased resources available to children (e.g., parents' time, financial resources) that often stem from living with a single parent. Theories of family instability posit that relationships between family structure and youth outcomes stem from stressors associated with divorce and remarriage, not from family structure itself. Much of the debate between those engaged in the ''Family Wars'' is based on these issues (see Glenn, 1993; Popenoe, 1993; Stacey, 1993 , for reviews).
Family Structure and Academic Achievement:
Causation or Selection?
One youth outcome on which proponents on both sides of the family wars focus attention is educational achievement, a strong predictor of academic attainment and in turn the occupational and economic stability of the next generation of Americans. Although many studies conclude that young people in single-parent households are not as academically successful as those living with both biological parents (McLanahan & Sandefur, 1994; Pong, Dronkers, & Hampden-Thompson, 2003; Teachman, Paasch, & Carver, 1996) , some research shows no significant differences in achievement between children in single-and two-parent families (Entwisle & Alexander, 1996; Marsh, 1990) , especially once relevant sociodemographic and family characteristics are controlled (Grissmer, Kirby, Berends, & Williamson, 1994; Jeynes, 2000) . Many factors, such as a child's age, how family structure and academic success are operationalized, and whether and when a child lived in a single-parent household, partially account for these conflicting findings. The methods and data (often cross-sectional) used to study these associations also produce these disparate findings. Our study asks whether parents' union dissolution affects high school students' academic performance and whether this relationship is causal or the result of factors that jointly influence family structure transitions and academic success. We focus on high school achievement because this stage of schooling is characterized by increased academic stratification. Because some students simply attempt to graduate and others take demanding college preparatory classes, differences in high school achievement become greater over time (Muller & Schiller, 2000; Schiller, 1999) . If students have academic problems, they tend to be apparent first in grades and course selection (Roderick, 1994) . In particular, students may choose less demanding courses and courses that offer less college preparation (Schneider, Swanson, & Riegle-Crumb, 1998; Stevenson, Schiller, & Schneider, 1994) .
As noted above, theories of family instability argue that it is difficult to assess whether relationships between family structure change and high school achievement are causal because a change in family structure is often coupled with factors that both increase the chances of parental union dissolution and lower students' school performance. For instance, the covariates of marital dissolution include financial instability, marital quality, negative spousal behavior, and parental fighting. These factors precede union dissolution and may lead to the end of couples' relationships. They may also influence adolescents' school performance (Demo & Acock, 1988) . Thus, it is hard to discern whether union dissolution or turbulence stemming from the event leads to achievement disparities between adolescents in diverse family structures.
Methods that account for joint covariates of union dissolution and academic achievement may best assess whether relationships between the two are causal or the result of selection and endogeneity. Experiments are the gold standard for matching individuals with similar backgrounds to assess how treatments influence outcomes, but propensity score matching techniques can allow researchers to use observational data to assess how treatments predict outcomes among persons with similar backgrounds when experiments are impossible.
In our study, we match respondents using the covariates of union dissolution and school success mentioned above (financial instability, marital quality, negative spousal behavior, parental fighting) and other covariates associated with both union dissolution (Amato, 2000; Amato & Rogers, 1997; Fu, 2002) and school performance (Baker, Keller-Wolff, & Wolf-Wendel, 2000; Jeynes, 2003; Raley, Frisco, & Wildsmith, 2005) . They include race and ethnicity, parental education, parental cohabitation, maternal employment, parental age, number of unions, age at first marriage, racial homogamy, and religiosity. We also account for maternal and paternal health because of their association with marital status (Lillard & Panis, 1996) and death and include key adolescent characteristics such as gender, age, and their number of reported siblings.
Propensity Score Matching Techniques
We estimate relationships between union dissolution and school performance using multiple methods. Two of these methods employ propensity score matching techniques, which can potentially address some methodological problems inherent in studies of youth outcomes following parental union dissolution when certain assumptions (discussed below) are met. First, even in large samples, few adolescents experience this event between waves in longitudinal data collection efforts. Second, the approach can help reduce bias that arises because of selection and endogeneity. Third, it provides an excellent estimation of the effect of parents' union dissolution on outcomes among adolescents who do and do not experience this event but who have similar propensities of experiencing it according to observable characteristics (the average treatment effect for the treated).
Propensity scores matching is relatively new in the field of sociology, although the method has been used in other fields, particularly in economics, for several decades (see Rosenbaum & Rubin, 1983 , for one of the original pieces on this method and Dehejia & Sadek, 2002 , for a more recent review). The method has been used limitedly and only more recently by researchers who study families and topics of interest to family scholars (Amato, 2003; Gertler, Levine, & Ames, 2004; Harding, 2003; King, Massoglia, & MacMillan, 2007) .
Propensity score matching techniques approximate a quasi-experimental design with secondary data by comparing individuals in a ''treatment group'' (in this case, adolescents whose parents' union dissolves) to those in a ''control group'' (adolescents whose parents remain together) who have a similar likelihood of experiencing the treatment according to observable characteristics. This comparison is accomplished by using a logistic regression or probit model to estimate the propensity that adolescents will experience union dissolution. The propensity score is defined as follows (Rosenbaum & Rubin, 1983) :
where p(T) is the propensity of experiencing parents' union dissolution, T indicates that adolescents' parents did or did not end their relationship, and S is a vector of covariates influencing union dissolution. The propensity score is used to match adolescents who did and did not experience parents' union dissolution, our treatment and control groups, on shared observed covariates (Dehejia & Sadek, 2002; Morgan & Harding, 2005) . Using propensity score matching, the mean estimated differences in academic achievement between the two groups, the average treatment effect for the treated, represents the effect of parents' union dissolution on outcomes among adolescents who do and do not experience this event but who have similar propensities of experiencing it on the basis of observable characteristics.
The success of comparing outcomes among matched respondents or groups of respondents depends upon reliably estimating a propensity score, in this case, the propensity that parents' union will end, and by not violating the Conditional Independence Assumption (i.e., all observed variables influencing both the treatment-union dissolution-and the outcomeacademic achievement-must be included in the propensity score model). Some methodologists argue that models estimating propensity scores should include every variable even modestly related to the treatment (Rubin & Thomas, 1996) . Others recognize that researchers are limited by available degrees of freedom and must use theory and prior research to guide model building (Dehejia & Sadek, 2002) .
Once one estimates a propensity score, comparing respondents in two groups of interest is possible. In our study, these are adolescents who did and did not experience parents' union dissolution with similar propensities of experiencing this event. Several procedures match cases or groups of cases to estimate the average treatment effect for the treated. We compare a relatively common and simple method, nearest neighbor matching, to the more sophisticated kernel matching method. Other matching procedures, such as local linear matching, radius matching, and matching by stratifying respondents into different blocks of cases on the basis of their propensity to experience a treatment, were examined. Local linear matching, an alternative to kernel matching that converges faster at boundary points (when probabilities of receiving the treatment are extremely small or large), produced comparable results to those presented here, as did analysis using radius matching and matching by stratification.
Each matching method has different strengths and weaknesses and is more or less appropriate depending upon one's data and the substantive application of the matching process (Becker & Ichino, 2002; Morgan & Harding, 2005) . We present estimates from nearest neighbor matching because it is widely used by researchers across different fields, relatively unbiased, and quite simple. We compare findings to those obtained using kernel matching because of this procedure's efficiency and ability to make full use of one's data in a conceptually elegant way by comparing those who experienced a treatment with all others in the control group, weighted by the similarity of propensity. Local linear regression, an alternative to kernel matching that is also highly efficient, may produce more stable estimates on the boundaries, but this is not an issue in our study. Therefore, the standard errors (derived from bootstrapping, for which some replications may approach large values on the boundary) produce slightly more conservative p values for the kernel matching method than for local linear regression.
Regardless of which matching method is used, each is ideally suited for dichotomous ''treatments'' such as union dissolution. For information on propensity score matching with continuous treatments, see Hirano and Imbens (2004) .
Meeting certain assumptions and conducting certain procedures provides some confidence that models estimating the propensity score and the matching process itself are reliable. First, balance must be achieved between the treatment and control groups on covariates used to predict the propensity score (Rosenbaum & Rubin, 1983) . In our case, matched cases with similar likelihoods of experiencing parents' union dissolution must be similar on the covariates used to predict this event. If the STATA ''pscore'' command is used to generate propensity scores, balance is automatically evaluated (see Becker & Ichino, 2002, pp. 12 -14 for an example of this code and output produced by the pscore command). Balance can also be evaluated with t tests that confirm that there are no significant differences between groups of matched cases in the treatment and control group on covariates within blocks of cases with similar propensities of experiencing the treatment of interest. If differences between the treatment and control group exist, then matched cases are not similar enough to assume that all bias has been eliminated from estimates of the average treatment effect for the treated. The more unbalanced covariates one has, the greater chance that bias is still evident.
Second, sensitivity analyses must be conducted to assess how inclusion and exclusion of different variables (including interaction terms) affect the estimated propensity score and differences in outcomes between one's treatment and control group. We conducted extensive exploratory analyses to assess which covariates predicted the likelihood of parents' union dissolution, whether interactions influenced estimates of our propensity score (they did not), and whether analytic decisions influenced our estimated average treatment effect for the treated. See the Appendix for more details about these analyses.
Third, one must test whether data trimmingessentially excluding potential outliers-helps to ensure common support (i.e., that there are similar cases in matched control and treatment groups). Trimming decreases the likelihood that a few cases bias estimated differences between the treatment and control group. For example, if a few adolescents who experienced union dissolution in our study are particularly advantaged and had parents with college degrees who reported being extremely happy with their marriage, had very high incomes, and had parents who married at a very late age, they could exert undesired influence on the estimates of propensities. Excluding these outliers from analyses may lead to better estimates of the consequences of union dissolution for high school achievement gains for a typical respondent.
When utilizing propensity score methods such as kernel matching, which are dependent on the density of nearby data, different bandwidths (smoothing functions) must also be tested. Smaller bandwidths decrease the probability of introducing bias into one's analyses (DiNardo, 2002) .
We reiterate that propensity score matching techniques are not a ''magic bullet.'' They only account for selection and endogeneity well if good data are used, one meets assumptions of conditional independence, and selection is captured well by variables predicting the propensity to experience a treatment of interest. These issues arise no matter what method one uses. Thus, it is important to test robustness of results (Frank, 2000; Frank & Min, 2002) .
Nearest neighbor matching utilizes the propensity score to pair cases in the control and treatment group on the basis of their likelihood to experience a treatment. Control cases not matched with a treatment case are excluded from analyses. In our study, this procedure sets up a quasi-experimental design allowing us to compare academic outcomes among matched respondents who did and did not actually experience parents' union dissolution but who share a similar likelihood of experiencing this event given observable characteristics.
Neighbor cases can be selected in two ways. Matching using replacement allows cases in the control group to be matched to more than one case in the treatment group if that control case is a better match to multiple treatment cases than alternative cases in the control group. Replacement assures that the most similar cases are matched, although additional data are lost by excluding more cases from one's sample. This approach reduces the likelihood of bias when calculating the average treatment effect for the treated but also leads to less efficiency (Caliendo & Kopeinig, 2005) .
Cases can also be matched without replacement. Each case in the treatment group is matched to a unique case in the control group. Thus, fewer cases and fewer data are excluded from analyses. Whereas this procedure decreases efficiency, it can also increase bias when calculating the average treatment effect for the treated because unique case B 1 in the control group may at times be a worse match to treatment case B than control case A 1 already matched to treatment case A. Nonreplacement can also produce different estimates of the average treatment effect for the treated depending on whether the program used to match respondents in the treatment and control group searches forward or backward through data for matched cases. To avoid this complication, one can specify that cases be matched randomly (Becker & Ichino, 2002) .
If the propensity score distributions among the treatment and control groups are similar, then matching with and without replacement will yield similar results to each other as well as results obtained from OLS regression methods. Conversely, if the distributions are very different, then nonreplacement may yield poor matches and may increase bias in the average treatment effect for the treated.
One can match multiple cases in the control group to single cases in the treatment group when conducting nearest neighbor matching if oversampling is used (see Smith, 1997 , for a discussion). This procedure also decreases efficiency, but again, at the expense of potentially introducing bias because additional cases in the control group matched to single cases in the treatment group may be poor matches. This problem is one reason to consider use of other propensity score matching techniques that allow for use of all data and available cases to estimate the average treatment effect for the treated.
Kernel matching is one approach that uses all available cases to estimate the average treatment effect for the treated. The calculated propensity score is used to match individual cases in the treatment group to a composite or weighted mean of control cases. Control cases receive weights on the basis of the distance between their propensity score and the propensity score of the treatment case to which they are being matched. All control cases potentially contribute to the weighted composite, improving the power and efficiency of estimation. This procedure is especially valuable when there are many potential matches for each treatment subject, which is the case here-only 65 of more than 2,500 respondents experienced parents' union dissolution.
Formally, define d i as the treatment effect for person i, T i to indicate whether person i received the treatment or control (taking a value of 1 for treatment, 0 for control ), n t is the number of people receiving the treatment, and x i, j is a weight representing the similarity of respondents i and j. Then, a general matching estimator can be expressed as follows (Morgan & Harding, 2005) :
In words, the estimated treatment effect is based on a comparison on the outcome, Y, for those who received the treatment with a weighted mean of those who received the control. Differences among matching schemes can then be expressed via x i, j . For example, in oneto-one matching, for each i, there is only one j with a positive value of x i, j ; the rest are 0.
The kernel estimator specifies a particular form of x i, j :
Here, S j represents a set of covariates used to estimate the propensity ( p); a n is a bandwidth estimator, which scales the difference in the estimated propensity scores on the basis of sample size (Morgan & Harding, 2005) . The larger the value of a n the less important are differences in probabilities; G is a kernel function (e.g., Tricube, or Gaussian normal); Finally, k is a normalizing constant that is the sum of all G/a n across all j:
When utilizing kernel matching, one should use bootstrap techniques to obtain standard errors because control observations contribute to more than one match, and therefore, matches are not independent, violating an assumption of ordinary parametric techniques for calculating standard errors. We use bootstrapped standard errors to make statistical inferences regarding the difference in academic achievement gains between adolescents who do and do not experience parents' union dissolution.
Comparing Methods: Propensity Score Modeling Versus OLS Regression
When comparing different modeling strategies, it is important to remember that every method depends on assumptions. In fact, ''such assumptions are the strands that join the field of statistics to scientific disciplines'' (Rubin, 2004, p. 345 ).
In addition, data limitations and survey design must always be acknowledged regardless of which method researchers use. For example, regardless of whether we use propensity score matching techniques or regression methods, we are limited by the issue of data availability. In the case of propensity score matching techniques, this limitation decreases the number of covariates that can be used to predict adolescents' propensity to experience parents' union dissolution. In the case of OLS regression models, it limits the availability of control variables that can be used in models predicting achievement gains.
Propensity score matching techniques and OLS regression methods also have unique limitations. For instance, in our study, if balance is not achieved between all covariates predicting the propensity to experience parents' union dissolution, then some bias may exist in estimated differences in achievement between adolescents with similar odds of experiencing parents' union dissolution because cases in the treatment and control group are not completely comparable on observable characteristics. For example, both parents' education level and marital happiness predict the propensity to experience union dissolution, but both covariates could have different relationships to our outcomes. If many cases in our sample have a similar propensity to experience union dissolution but do so because some respondents have highly educated parents in unhappy marriages and other respondents have less educated parents in very happy marriages, then our estimates of the average treatment effect for the treated will be biased.
Another drawback of propensity score matching techniques is that we can only calculate overall effects of one treatment-union dissolutionon high school achievement, not the effect of multiple covariates or potential interactions between union dissolution and other variables (Zanutto, 2006) . Meanwhile, regression models estimating relationships between union dissolution and adolescents' achievement gains require correct specification of the functional form of data and measures.
In some cases, propensity score matching techniques may produce less biased estimates of effects of a treatment than OLS regression. There is no assumption of linear functional form, and it is easy to perform diagnostic checks for reliability (Zanutto, 2006) . Zanutto also notes that by separating the process of estimating propensity scores and the average treatment effect for the treated, propensity score matching provides researchers with greater objectivity in analysis than regression methods because researchers must consider why someone would experience a treatment of interest independent of its potential effect on the outcome itself. It is also easier to discern if comparable cases in the treatment and control group exist (e.g., whether one has achieved common support).
Propensity score matching also can be used to focus on estimating a treatment for those who actually experience it, which provides a clearer picture of causal relationships between treatments and outcomes of interest. This interest derives from Heckman's (1996) interest in the treatment effect for the treated, with arguments that evaluating whether to continue existing policy targeting a specific group of interest should focus on this parameter. Conversely, if one is interested in extending policy to the population as a whole, then the parameter of interest is the average treatment effect for the population (Heckman) .
We calculate both the average treatment effect for the treated and the average treatment effect for the sample. Our regression models estimate the average treatment effect of parents' union dissolution for an individual in the sample when controlling for other covariates. The treatment effect for the treated (e.g., the effect of union dissolution for respondents with a high propensity for experiencing this event according to observable characteristics), which we calculate using propensity score matching techniques, may be different from the treatment effect for the untreated (e.g., the effect of experiencing union dissolution among respondents who do not experience the event or are unlikely to experience this event) and hence the treatment effect for the total population (Morgan & Harding, 2005) . This problem is particularly likely if there is not a broad area of common support (i.e., there is not considerable overlap in the propensities of those in the treatment and control group).
THE CURRENT STUDY
We use the methods just described to investigate whether the effects of parents' union dissolution on adolescents' high school achievement are comparable when computed using different methods. Using data from the National Longitudinal Study of Adolescent Health (Add Health) and the new education component, the Adolescent Health and Academic Achievement Study (AHAA), we estimate whether adolescents who lived with both biological (or adoptive) parents at Wave I and a single parent approximately 1 year later at Wave II make similar progress in their math curriculum, earn similar grades, and fail about the same proportion of courses when they are compared to students whose parents remain together during this time but are similar on observable characteristics.
We build on prior research in several ways. Utilizing multiple methods and testing the robustness of our results as suggested by Frank (2000) illustrates how reliable predicted estimates of union dissolution are and whether relationships between parents' union dissolution and adolescents' academic achievement are likely to be causal. This approach is an important step for better understanding the nature of short-term academic difficulty that adolescents face when their parents' union dissolves. Methodologically, our study provides readers with an example of how to use propensity score matching methods to further assess causality and shows how findings from this method compare to results from OLS regression methods.
METHOD
Data and Sample
The National Longitudinal Study of Adolescent Health (Add Health) is a school-based, longitudinal, nationally representative survey of 20,745 adolescents in Grades 7 through 12 from 134 public, private, and parochial schools (Bearman, Jones, & Udry, 1997) . Respondents were selected using a stratified random sample of students in schools. Three waves of in-home survey data were collected in 1995, 1996, and 2000 -2001 that contain a wealth of information on adolescents, their families, their social relationships, and their health behaviors. We use data from Waves I and II to measure parents' union dissolution and students' propensities to experience this event. The Wave II sample includes 14,736 young adults or 71% of the original Wave I sample. Roughly, 45% of this sample attrition resulted from non-follow-up of Wave I 12th graders.
The Wave III data collection effort (which included follow-up of the Wave I 12th graders) included an education component, the AHAA. High school transcript data were collected from respondents who authorized access to these data. In total, transcripts were collected and coded for approximately 81% of Wave III respondents (n ¼ 12,258). Data were collected from all Add Health high schools except two special education schools that did not maintain students' academic transcripts and from over 1,300 additional schools where Add Health respondents last attended high school. From transcripts, researchers created indicators of academic progress designed to compare students across the nation.
We selected two samples for our study. We estimate the propensity to experience union dissolution between Waves I and II using data from the first sample and data from the second sample to estimate changes in high school achievement.
To be eligible for the first sample, respondents had to participate in the Wave I survey (n ¼ 20,745), their parents had to complete a Wave I parent survey (n ¼ 17,125), and indicate that they were married or cohabiting with a partner of a different gender (n ¼ 11,974). These exclusions ensure that our base sample consists of adolescents living with a married (n ¼ 11, 806) or cohabiting (n ¼ 168) parent at Wave I. Analyses without adolescents living with cohabiting parents produced no significant differences in results.
Because we are interested in union dissolution between survey waves, adolescents also had to participate in the Wave II survey to be included in the base sample (n ¼ 8,868). They also had to indicate that they lived with both biological or adoptive parents at Wave I and either both parents or only one parent at Wave II (n ¼ 6,211).
To estimate the effects of union dissolution on academic progress, we further restrict the sample to adolescents with valid transcript data (n ¼ 4,463), who were in Grades 9 through 11 during Wave I (n ¼ 2,729) and who had no missing data on our three indicators of achievement gains from Wave I to Wave II (n ¼ 2,629).
We do not constrain the sample used to construct our propensity score to the smaller sample used when matching treatment and control cases because the ideal goal of this method is to estimate individuals' true propensities or ''known propensities'' to receive a treatment and our estimate will typically have more precision when we use more data (Morgan & Harding, 2005; Rosenbaum & Rubin, 1983) . That is, if we had data on the full population to calculate propensity, then we would certainly use those data rather than data from a sample. Using a larger sample reduces standard errors and in turn leads to a more precise estimate of the propensity score, but it may also lead to some bias. Thus, researchers must choose between potential precision versus bias. In our case, we have evidence that bias does not result from using our larger versus smaller sample because our findings do not differ substantively or statistically when using the former instead of the latter to estimate propensity scores.
Primary Dependent and Independent Variables
Academic performance. We estimate three measures of academic performance using indicators constructed as part of the AHAA study (RiegleCrumb, . For each indicator, we calculate the difference between the students' academic status at Wave I, before some sample members experienced parents' union dissolution, and at Wave II, after union dissolution. We assess change in achievement to take into account the respondents' academic status before parents' union transitions.
We find comparable results (not shown) from lagged models in which we use OLS methods to regress Wave II academic status on the Wave I measure. One cannot produce lagged dependent variable models using kernel or nearest neighbor matching methods. This limitation shaped our decision to construct and use change scores instead. Change scores are also more appropriate than lagged dependent variable models when utilizing two panels of data to investigate how a transition affects outcomes (Johnson, 2005) . We also find comparable results using propensity score matching methods when we predict Wave II outcomes and include a Wave I indicator of outcomes in our model estimating propensity scores.
Our first dependent variable taps students' level of mathematics course work completion, a strong predictor of postsecondary education preparation (Schneider, 2001) . Mathematics curricula are structured such that a given course prepares students for the next course in the sequence. There is variation in the measure because in the last year or two of high school, students are typically not required to take math; approximately 60% of high school seniors do not (Schiller, 1999) . In addition, all students do not enter high school taking the same math courses. The math course levels in AHAA range from no math (equal to 0) to calculus and above (equal to 9). Our indicator of change in students' level of math course work completion is the difference between the highest level of math course work completed at Waves I and II. The mean difference in our sample is 0.933, indicating that, on average, students completed almost one course more per year.
The second dependent variable is the difference in GPA for all courses taken in a given year from Wave I to Wave II, an excellent marker of students' overall achievement at each survey wave. GPA ranges from 0 (F or unsatisfactory) to 4 (A). Our constructed measure of change in GPA ranges from À3.00 to 3.69 with a mean of À0.023, indicating that, on average, students' GPAs are fairly constant across years.
Our final dependent variable, change in the proportion of courses failed each year, captures how much respondents are struggling academically. The Wave I and II indicators of course failure proportions range from 0.000, which indicates that respondents failed no classes attempted, to 1.000, which indicates that respondents failed all classes attempted. Our indicator of change in the proportion of courses failed ranges from À1.000 to 1.00, with a mean of 0.007, indicating that on average students' proportions of courses failed are fairly stable across years.
Parents' union dissolution. During the Wave I parent survey, parents reported their marital status, whether they were currently in a marriage or marriage-like relationship, and their relationship to the Add Health respondent (e.g., biological mother), by answering the following questions: ''What is your current marital status?,'' ''Is this a marriage or marriage-like relationship?,'' and ''What is your relationship to NAME (the adolescent respondent)?'' Most parent respondents (88%) reported that they were the biological or adoptive mother of the adolescent respondent.
Adolescents also reported who they lived with at Waves I and II by filling out an extensive household roster that asked for the gender, age, and their relationship to every person in their household. Add Health coders used data from this roster to construct detailed indicators of family structure.
Students were considered to be living with two biological or adoptive parents at Wave I if parents reported being married or cohabiting and adolescent respondents reported living with their biological (or adoptive) mother and father on the household roster. As mentioned above, only adolescents in these families at Wave I are included in our analytic sample. Adolescents' reports of who they live with at Wave II are used to construct our indicator of union dissolution (0 ¼ teens report living with both parents, 1 ¼ teens living with their mother or father only). Adolescents who fall into other family structure categories (such as stepfamilies) at Wave II are excluded from the sample. Few Add Health respondents (n ¼ 60 or 2.5% of our sample) lived with both parents at Wave I and report parents' union dissolution between the two waves.
The Add Health study did not collect data from parents at Wave II nor did it ask adolescent respondents if their parents divorced between Waves I and II. Therefore, we cannot be certain that our indicator of union dissolution indicates divorce (vs. parental separation, death of a parent, or other unknown reasons), although separation usually leads to divorce and few adolescents experience parental death within a 1-year period (Casper & Bianchi, 2002; Fields & Casper, 2001) . Therefore, we are confident that most cases of union dissolution represent parental separation or divorce although we acknowledge that there is potential measurement error in our indicator of parental union dissolution.
Analytic Strategy
Estimating the propensity to experience parents' union dissolution. Our first step in analysis is estimating the propensity that adolescents experienced parents' union dissolution between Waves I and II. Our model is informed by theory and previous empirical research (see Amato, 2001; Amato & Rogers, 1997; Fu, 2002 for reviews) . Variables in this model can be grouped into several broad categories: parents' and children's sociodemographic characteristics, parents' relationship characteristics, parents' religiosity, parents' health status, and the duration between Waves I and II interview dates. Sociodemographic characteristics that we include are parents' race and ethnicity, parents' racial homogamy, parents' education level, family income, financial stability, parents' age, maternal employment outside the home, and adolescents' age, gender, and number of siblings.
The characteristics of parents' relationships associated with union dissolution that we include in our model are age at first marriage, if the current relationship is a first marriage or marriagelike relationship, marital status (married vs. cohabiting), marital happiness, whether the couple discussed separating, and frequent fighting. We also account for parents' religious devoutness: frequency of church attendance, importance of religion, and belief that the scriptures are the literal word of God.
To account for the possibility that parents' health influences union dissolution through either divorce or death, we include dummy variables in our model signifying serious maternal and paternal health conditions at Wave I. They indicate whether each parent suffers from obesity, asthma or emphysema, alcoholism, or diabetes (1 ¼ yes).
Finally, we control for the duration of time between adolescents' Waves I and II interview dates in months because those with a larger gap between dates are at greater risk of experiencing parents' union dissolution. Descriptive statistics for and operationalizations of all independent variables (all measured at Wave I except for the duration of time between interviews) are shown in Table A1 .
To estimate adolescents' propensities for experiencing parents' union dissolution between Waves I and II, we utilize a logistic regression model:
where T is the propensity of experiencing a change in family structure, a is the intercept, S is a vector of Wave I covariates described above, and b is a vector of parameter estimates. We use mean and mode substitution to impute missing values of independent variables used to predict the propensity that respondents experience their parents' union dissolution and included dummy variables indicating where we had imputed (Cohen, Cohen, West, & Aiken, 1983) . Listwise deletion produced results similar to those presented here. We do not include dummy variables representing missing cases on each independent variable in our final model for parsimony; missing data flags were not statistically significant. We do include a dummy variable indicating whether respondents had missing data on at least one independent variable to account for the possibility that missing data could represent less survey engagement because of factors related to one's propensity to experiencing parents' union dissolution.
We present a fully specified model rather that a series of nested models because of space constraints (see Table 1 , described below). We conducted extensive exploratory and sensitivity analyses, though, to assess how inclusion and exclusion of different variables and blocks of variables influenced our estimated propensity score, the balance between the treatment and control groups, and estimated average treatment effects for the treated. See the Appendix for details.
Calculating the average treatment effect for the treated using two propensity score matching techniques. Our second step in analysis involves estimating group differences (between those who did and did not experience parents' union dissolution) in school performance using nearest neighbor and kernel matching methods. We use a suite of programs developed for STATA by Becker and Ichino (2002) for these analyses. We conduct nearest neighbor matching with replacement using the STATA ''attnw'' command. This procedure results in a search for neighbor cases both forward and backward through data sorted by respondents' propensity to experience parents' union dissolution. The attnw command Either parent could respond to the Add Health Wave I parent survey, but 88% of parent respondents reported being adolescent respondents' biological mothers. We construct variables signifying mothers' characteristics and fathers' characteristics when possible but can only construct variables that refer to the parent respondent in some cases because of data limitations. *p , .05. **p , .01. ***p , .001 (two-tailed test).
gives equal weight to both forward and backward potential matches. An alternative command for conducting nearest neighbor matching with replacement, attnd randomly selects either a forward or a backward match. This latter method for matching neighbor cases produced results that are substantively and statistically similar to those obtained using the attnw procedure. We use the STATA attk command to estimate differences between respondents who did and did not experience union dissolution with kernel matching. Readers interested in all options available when using these and other propensity score matching techniques should consult Becker and Ichino (2002) . A second STATA component, psmatch2 can also be used to conduct propensity score matching techniques (Leuven & Sianesi, 2003) as can a SAS macro developed by Bergstralh, Kosanke, and Jacobsen (1996) .
Estimating OLS regression models. Our third step in analyses is estimating the effect of experiencing parents' union dissolution on academic achievement gains using a standard OLS regression model:
where y is the outcome of interest, a is the constant term, each x i represents an independent variable associated with outcome y, each b i indicates the parameter estimate for each x i , and e represents an error term. The variables included in OLS models predicting achievement gains are the same measures used to estimate our propensity score and changes in achievement using propensity score matching techniques. We also control for additional variables associated with academic achievement but not with parents' odds of union dissolution (parents' and students' educational expectations, academic risk behaviors, and attachment to and engagement in school). Estimated regression coefficients from these models were neither substantively nor significantly different from models excluding these additional controls and are available upon request. Although Add Health recommends that analyses be weighted and corrected for design effects (Chantala & Tabor, 1999) , we present results from unweighted models here for comparability across methods. The STATA svy procedures used to weight and correct for design effects cannot be used with the pscore, attk, and attnw commands. Note, though, that when OLS regression models and a basic logistic regression model used to estimate propensity scores are weighted and corrected for design effects, our results are statistically and substantively similar to results presented here. (For example, estimates from OLS models weighted and corrected for design effects indicate that the average treatment effect ¼ À0.112 for changes in math course work, À0.297 for changes in GPA, and 0.095 for changes in course failure; here, these estimates are À0.112, À0.298, and 0.082, respectively). Results from models weighted and corrected for design effects are available upon request.
RESULTS
Predicting the Propensity to Change
Family Structure Table 1 presents coefficients, standard errors, and odds ratios (OR) from models predicting the likelihood that adolescents' experienced parents' union dissolution. They indicate that, controlling for all other variables, the odds that an adolescent with an African American mother will experience union dissolution are almost twice as high as those of adolescents with White mothers (OR ¼ 1.962); adolescents whose parents were cohabiting rather than married at Wave I also have higher odds of living with a single parent at Wave II (OR ¼ 2.895). The odds that teenagers' parents dissolve their union between Waves I and II are negatively related to their parent's age, reported marital happiness, their mothers' obesity status, and family income. Parental discussion of separation and the duration of time between Wave I and II interviews are also positively associated with the odds of changing family structure between waves. As noted above, space constraints lead us to present only the full model used to estimate the propensity to experience parents' union dissolution. All variables were associated with this family structure transition in reduced models in expected directions (not shown). We use the propensity scores output from the model described in the previous paragraph to match cases using nearest neighbor and kernel matching. Figure 1 shows a histogram of the propensity score distribution for adolescents who did and did not experience parents' union dissolution between waves within the eight balanced blocks of matched treatment and control groups. This figure shows that there is considerable overlap in propensities in lower regions of the propensity distribution but less overlap in higher propensity blocks, which could introduce bias into estimates of the average treatment effect for the treated. We thus tested whether trimming outliers (n ¼ 144 in our base sample, n ¼ 39 in our second sample) influenced our findings using the comsup option available when using the STATA pscore procedure. These ancillary analyses are shown in Table A2 . Estimates from these models do not statistically or substantively differ from those obtained when estimating the average treatment effect for the treated for the larger sample.
The STATA pscore procedure (Becker & Ichino, 2002 ) was used to assess intrastratum differences between students who did and did not experience parents' union dissolution on covariates predicting this treatment. Results indicated no statistically significant differences in mean or modal values of covariates for our treatment and control groups within eight propensity blocks generated by the pscore procedure, which confirms balance. Although this result does not completely signify elimination of potential bias in our estimate of the average treatment effect for the treated, it suggests that bias is minimized. Table 2 shows the estimated differences in academic outcomes among students who did and did not experience their parents' union dissolution. Three estimates are shown: the first is the average treatment effect for the treated estimated using nearest neighbor matching, the second is the average treatment effect for the treated estimated using kernel matching, and the third is a regression coefficient from an OLS regression model. We present only the regression coefficient for parents' union dissolution because of space constraints. Estimates from the full model are available upon request.
Comparing Results From Propensity Matching and OLS Regression Methods
Overall, results in Table 2 show that experiencing parents' union dissolution during the year is related to lower academic achievement at the end of that year but not to adolescents' progress through mathematics course sequences. The estimated effect of parental union dissolution is similar across the three methods used to obtain results.
Gains in students' GPA and course failures are consistently lower among students whose parents' unions ended. On average in the total sample, students' grades decline slightly (À0.018, see Table A1 ) from one academic year to the next, and on average, they fail fewer than 1% of their courses (0.007, see Table A1 ). Our estimated average treatment effects for the treated suggest that students who experience union dissolution have much larger declines in overall GPA, somewhere between around one quarter to one third (À0.286 using nearest neighbor matching, À0.273 using kernel matching) of a letter grade on average for all classes. Our OLS regression coefficient of À0.298 suggests similar declines. These estimates are quite large. They represent a full letter grade difference in one half of the students' courses during the entire year or two-letter grades (for example A vs. C) in a fourth of the classes.
Similarly, parental union dissolution also predicts failure of more classes. Depending on the method used, the failure gaps between those who did and did not experience parents' union dissolution with similar propensities for experiencing this event range from a high of 0.092 (nearest neighbor matching) to a low of 0.079 (kernel matching). This finding is noteworthy given that students attempt approximately 12 credits of course work per year . Our estimates thus suggest that students who experience parental union dissolution will fail more than one class more than students who do not.
In contrast to grades and failures, we did not find that students whose parents' unions stayed Propensity Score Distribution Density intact and those whose parents' unions dissolved completed significantly different levels of math course work 1 year later, although the difference between the groups is negative. Math curriculum is sequentially organized such that prerequisite knowledge (previous course and performance in that course) typically determines placement. Moreover, course selection is made at or before beginning of an academic year. It is possible that there are longer term effects of marital dissolution on course work that are not evident in the year long window of change that is measured in this analysis.
DISCUSSION
In general, we find consistent results showing that adolescents whose parents' union dissolves experience poorer academic achievement: grades decline and course failures increase. Grades are a measure of how well students meet course demands, such as test taking, homework completion, and possibly other forms of behavioral expectations and course failures provide a strong signal that students are struggling. Although the point estimates for the amount of difficulty differ slightly depending upon the estimation procedure, the patterns are remarkably consistent.
We cannot be certain that parents' union dissolution causes high school academic performance to decline because we investigate a 1-year window during which time academic progress and family structure simultaneously change. Nonetheless, we are reasonably confident that union dissolution itself or the transition process leads to some level of short-term academic decline because multiple methods confirm these findings. Accounting for academic progress prior to union dissolution through use of change scores further decreases the likelihood that omitted variable bias influences our findings because accounting for Wave I outcomes absorbs much of the variance in Wave II achievement.
We also took steps to quantify potential uncertainty about causality because of either omitted variable bias or selection. In particular, we can ask what the correlations associated with an unmeasured confounding variable must be to alter Note: Source: The National Longitudinal Study of Adolescent Health (Add Health) and Adolescent Health and Academic Achievement Study (AHAA). OLS regression models include control variables signifying the following family and parent characteristics: mother's race and ethnicity, parents' racial homogamy, parents' education level, family income, financial distress, mother' work status, parents' health conditions (obesity, diabetes, asthma or emphysema, and alcoholism), parents' relationship characteristics, parents' religiosity, parents' age, and parents' educational expectations for their child. Models also include indicators of an adolescent's age, gender, number of siblings, educational expectations, academic risk behavior, and attachment to and engagement in school. Other control variables include an indicator of the length of time between Wave I and II interviews and an indicator of missing data on any control variable in the OLS regression model. causal inference. Frank's (2000) threshold for the impact of a confounding variable answers this question. The threshold for the impact of a confounding variable indicates that a hypothetical omitted confounding variable must be correlated at 0.10 with both union dissolution and GPA gains, and 0.03 with union dissolution and changes in course failures, to invalidate the inference that union dissolution has an effect on these outcomes. These correlations pertain to estimates of the average treatment effect for the treated obtained using kernel matching. The threshold for the impact of a confounding variable is quite similar when we use estimates obtained from the other two methods.
We also calculated how robust causal inference is to sample attrition using indices that estimate the correlation between parents' union dissolution and achievement outcomes among cases lost to attrition (Frank & Min, 2002) . Assuming that 25% of the sample that should have been observed was lost to attrition (a rough approximation of sample attrition in Add Health from Wave I to II), then the correlation among the lost sample necessary to invalidate causal inference would have to be less than À0.13. That is, among Wave I sample members lost to attrition, students who experienced union dissolution would actually have to do better than students who did not to invalidate causal inference. Given that parents' union dissolution is typically understood to have negative effects, this is an unlikely possibility. This calculation and the fact that we lose most cases in our study when selecting our sample (and by excluding students not living with both biological parents at Wave I and 12th graders not followed up, who are a random group on all covariates except age) reassure us that sample selection is unlikely to influence our inferences to the point that they are invalid.
Although we are confident in our findings, we must reiterate that our study predicts the effect of union dissolution, not divorce. We are reasonably sure that most union dissolution represents divorce (not death) because of the low likelihood that adolescents living with both parents have of experiencing a parents' death each year (Casper & Bianchi, 2002; Fields & Casper, 2001) . Nonetheless, we acknowledge this data limitation.
We also acknowledge that family structure transitions and divorce in particular are known to be processes, not single events, and academic disengagement or declines may begin to occur before one parent leaves the household. This is one primary reason why we predict changes in achievement rather than estimating achievement after a family transition. Therefore, the primary substantive contribution of our study is estimating how one part of the transition process-one parent actually leaving the household-predicts changes in achievement.
We should also note that we unfortunately could not consider racial and ethnic or gender differences in findings because we had too few cases of union dissolution. Estimating these differences should be a goal of futures studies.
CONCLUSIONS
Despite these caveats, our results substantively contribute to the body of work showing how family structure influences high school achievement. We add to evidence suggesting that academic performance declines in the short term when parents' unions dissolve. Students are not directly derailed from a core course trajectory, mathematics, but they could be derailed indirectly and in the long term because their academic performance measured in terms of grades and course failures suffers. This finding is troubling given that high school success is critical to long-term educational and occupational opportunity. These findings support other studies that find that shortterm turbulence of family instability may lead to negative outcomes for adolescents.
Our study also makes methodological contributions to the field. We show how results from propensity score matching techniques compare to those obtained using more traditional OLS regression methods. Propensity score matching techniques largely confirm results obtained using OLS regression methods. This outcome likely occurs because we have relatively good common support between our treatment and control group. In addition, estimating change scores helps guard against a problem that thwarts causal inference: omitted variable bias. Accounting for Wave I achievement in our outcome helps to explain a great deal of the variance in achievement at Wave II. Thus, we have less variation on our dependent variable that can be explained by other confounding factors. Studies of other topics of interest to family scholars may not find such consistent results when utilizing OLS regression and propensity score matching techniques. This situation is most likely if the effects of a specific condition or treatment are different among one's total sample and sample members with high propensities to experience that treatment.
We also more generally introduce propensity score matching technique to family scholars and provide examples of two different approaches to this modeling strategy. This method is an exciting tool for social scientists who study families. When utilized properly, it may help researchers deal with selection and endogeniety, estimate relationships that may be best estimated with quasi-experimental research designs, provide evidence about relatively rare events, and predict outcome differences between two groups of very different sizes.
That being said, the potential utility of propensity score methods does not negate the usefulness of OLS regression methods. OLS methods use all of the available data, are asymptotically efficient in the class of unbiased estimators, and are the foundation of many other techniques (e.g., multilevel models). True, many alternative techniques improve upon OLS by focusing on specific treatment effects (e.g., propensity score matching to focus on the average treatment effect for the treated) or through attempts to reduce bias resulting from misspecification (e.g., use of instrumental variables), but these approaches may be less efficient or may require further assumptions. As an alternative that builds on common practice, one can use OLS and report the sensitivity or robustness of inferences with respect to violations of assumptions of inference (Frank, 2000; Frank & Min, 2002) as we have done here. Readers should also note that a hybrid method that uses propensity scores to weight OLS regression models is one way of drawing on the strengths of both propensity score matching techniques and regression methods (Amato, 2003; Frank, Cannata, Chard, Krause, & McCrory, 2006; Hirano & Imbens, 2001) . Although no method provides researchers with a ''magic bullet'' to solve every methodological problem, new techniques, use of multiple methods, and procedures aimed at testing robustness of one's findings, such as those presented here, can provide valuable new evidence about some of the most important issues facing family researchers today.
NOTE APPENDIX SENSITIVITY ANALYSES CONDUCTED AS PART OF DATA ANALYSIS
We conducted the following analyses to assure the reliability of the model that we use to predict respondents' propensity to experience family structure change and models assessing the average treatment effect for the treated. Note that all analyses conducted with propensity score matching techniques must include an assessment of how trimming, bandwidth adjustments, and inclusion and exclusion of different variables in models estimating the propensity score affect results. For more information on each of these issues, see Becker and Ichino (2002) . (Allison, 1990) . In addition, Johnson (2005) discusses in detail the strengths of using difference scores to assess change between two panels of data. Note that the propensity score modeling techniques that we utilize do not allow one to estimate lagged dependent variable models that control for Time 1 indicators of one's outcome of interest, but regression analysis conducted with this method of accounting for change produced substantively similar results. d We adjusted bandwidths to range from 0.1 to 0.8 (the default with kernel matching) to account for the possibility that our data density influenced results. d We trimmed our data at the top and bottom 1st, 5th, and 10th percentile to ensure that outliers did not significantly influence the average treatment for the treated and also conducted analyses for the full sample and for the sample in the area of common support only. Findings using the different techniques did not significantly differ. d We assessed results using multiple propensity score matching techniques including the methods presented in this paper, local linear matching, caliper matching, and matching using stratification by propensity scores. Results do not significantly differ across methods. d We estimated models that utilized listwise deletion and two different data imputation strategies to assess whether handling missing data differently significantly influenced average treatment effects for the treated. It did not. Note: Source: The National Longitudinal Study of Adolescent Health (Add Health) and Adolescent Health and Academic Achievement Study (AHAA). OLS regression models include control variables signifying the following family and parent characteristics: mother's race and ethnicity, parents' racial homogamy, parents' education level, family income, financial distress, mother's work status, parents' health conditions (obesity, diabetes, asthma or emphysema, and alcoholism), parents' relationship characteristics, parents' religiosity, parents' age, and parents' educational expectations for their child. Models also include indicators of an adolescents' age, gender, number of siblings, educational expectations, academic risk behavior, and attachment to and engagement in school. Other control variables include an indicator of the length of time between Wave I and II interviews and an indicator of missing data on any control variable in the OLS regression model. a Standard errors are given in parentheses. *p , .05. **p , .01. ***p , .001 (two-tailed test).
